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Abstract
Obesity, a major public health concern, is a multifactorial disease caused by both environmental and genetic
factors. Although recent genome-wide association studies have identified many loci related to obesity or body
mass index, the identified variants explain only a small proportion of the heritability of obesity. Better
understanding of the interplay between genetic and environmental factors is the basis for developing effective
personalized obesity prevention and management strategies. This article reviews recent advances in identifying
gene-environment interactions related to obesity and describes epidemiological designs and newly developed
statistical approaches to characterizing and discovering gene-environment interactions on obesity risk.
Introduction
Obesity has become a major public health concern. The
number of overweight and obese adults has been esti-
mated to be 1.35 billion and 573 million respectively by
2030 [1]. Obesity is associated with increased risk of
chronic diseases and decreased health-related quality of
life and overall life expectancy [2]. It is also associated
with substantially elevated healthcare cost [3].
Obesity results from a complex interplay of many
genetic factors and environmental factors [4-8]. Numer-
ous epidemiological studies and clinical trials have
examined the roles of lifestyle/dietary and genetic
factors in the development of obesity. The body of evi-
dence on gene-environment interaction (GEI) has also
grown rapidly. However, preliminary results regarding
GEI on obesity are for the most part inconclusive. The
present review summarizes recent advances in identify-
ing GEI related to obesity, and examines the newly
developed approaches to testing GEI in the context of
GWAS for obesity risk.
Basic concepts
a) Nutritional genomics
Nutritional genomics is an emerging field that may
improve dietary guidelines for chronic disease prevention
[9]. It covers both nutrigenomics and nutrigenetics. Nutri-
genomics explores the effects of nutrients or other dietary
factors on the gene expression, DNA methylation,
proteome and metabolome [10], while nutrigenetics is
aimed to elucidate whether genetic variations modify the
relationships between dietary factors and risk of diseases
[11]. Nutrigenetics has the potential to provide scientific
evidence for personalized dietary recommendations based
on the individual’s genetic makeup for weight control [9].
b) Gene - environment interactions
In epidemiology, interaction is defined by estimating
whether the degree of risk attributable to the joint effects
of a genotype and an environmental factor on an outcome
is greater or less than would be expected if these joint
effects were additive [12]. Alternatively, GEI exists where
the risk conveyed by specific genotype depends on one or
more environmental exposure levels. This definition is
quite helpful in the context of intervention studies where
the environmental exposures can be intervened upon,
such as diet and physical activity, to offset genetic risk
[13-15]. Nutrigenetics is a special area of GEI research,
where the environmental exposure is consumption of
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specific foods or nutrients. Looking from a different
perspective, nutrigenetic studies also assess whether
genetic factors modify the effects of specific dietary factors
on diseases or related traits.
Approaches to studying GEI
a) Study designs for testing GEI
Over the past two decades, various study designs such as
prospective cohort studies, case-control studies, case-only
studies, randomized intervention trials, and twin studies
have been used to test GEI [12]. Each design has its own
advantages and disadvantages, and may be suitable for
different situations.
Case-control studies
In population-based case-control studies, incident or pre-
valent cases in the studied population are ascertained over
a certain time period, while the controls are randomly
selected from the same source population. For example, a
case-control design including 159 case subjects (BMI>30
kg/m2) and 154 controls (BMI<25 kg/m2) found that the
ADRB2 genotype modified the effect of carbohydrate con-
sumption on obesity risk [16]. This finding suggested that
high carbohydrate consumption was associated with an
increased risk of obesity only among women with the
Glu27 allele (OR 2.56, p=0.051). A Spanish case-control
study reported that dietary saturated intake modified the
effect of the FTO rs9939609 on risk of obesity among chil-
dren and adolescents. The risk allele carriers consuming
more than 12.6 % saturated fatty acids (of total energy)
had an increased obesity risk compared with TT carriers
[17], but the increased risk was not observed among those
with lower saturated fat intake.
Case-only studies
Case-only studies can be used if the interest is limited to
GEI, because the case-only design has the practical
advantage that there is no need to collect control sam-
ples. This design is based on the assumption that geno-
types and environmental exposures are independent of
each other, so that the exposures should not differ
among different genotypes. The case-only design is
more efficient than case-control design, but the inde-
pendence assumption may not hold. In addition, the
design is subject to bias and confounding, especially if
there is exposure misclassification [18]. For example, a
case-only study among 549 adult obese women observed
an interaction between fiber intake and the -514 C>T
polymorphism of the LIPC gene (p for interaction=0.01).
Similarly, the -11377G>C polymorphism of the ADIPOQ
gene and the -681 C>G polymorphism of the PPARG3
gene were found to modify the association of dietary fat
intake and obesity (all p for interaction<0.05) [19].
Cohort studies
The classic prospective cohort study follows subjects over
time, comparing the outcome of interest in individuals
who are exposed or not exposed at baseline [5]. Because
exposure is assessed before the outcome, the cohort
design is less susceptible to selection bias and differential
recall bias between cases and noncases when compared
to a case-control design. However, cohort studies of
chronic conditions with low incidence are expensive, and
require large sample size and long follow-up. A nested
case-control study within a large prospective cohort can
improve efficiency and reduce cost [20]. In recent years,
several cohort studies have investigated the GEI on obe-
sity. For example, Qi et al. calculated weighted genetic
risk score (GRS) on the basis of 32 BMI variants and
demonstrated that the genetic association with adiposity
was stronger among participants with higher intake of
sugar-sweetened beverages than among those with lower
intake in the Nurses’ Health Study (NHS) and the Health
Professionals Follow-up Study (HPFS) cohorts, and these
findings were replicated in the Women’s Genome Health
Study (WGHS) cohort [8]. A similar interaction between
regular consumption of fried food and GRS in relation to
obesity was observed among these three cohorts [6]. In
the combined analysis, the differences in BMI per 10 risk
alleles were 1.1 (SE 0.2), 1.6 (SE 0.3), and 2.2 (SE 0.6) for
fried food consumption less than once, one to three
times, and four or more times a week (p<0.001 for inter-
action). These findings suggested that the genetic asso-
ciation with adiposity was strengthened with higher
consumption of fried foods. Furthermore, it was docu-
mented the genetic association with BMI was strength-
ened with increased hours of TV watching in 7740
women and 4564 men from the NHS and HPFS. In
contrast, the genetic association with BMI was wea-
kened with increased levels of physical activity. These
findings suggest that sedentary lifestyle may enhance
the predisposition to elevated adiposity, whereas
greater leisure time physical activity may mitigate the
genetic association [21].
Clinical trials
Randomized controlled trial (RCT) is widely considered
to be the most reliable design because of the randomized
allocation of the exposures. However, RCT is often infea-
sible to test the long-term effects of dietary exposures on
obesity or obesity-related chronic diseases due to cost
and logistic considerations. Several randomized dietary
intervention trials of weight loss have been analyzed to
provide unique insights into individualized dietary
response to weight loss diets based on specific genetic
variants (Table 1). The Preventing Overweight Using
Novel Dietary Strategies Trial is the largest and longest-
term (2-years) randomized intervention trial comparing
the effects of four weight-loss diets of varying macronu-
trient compositions [22]. The results from this trial
showed that individuals carrying the C allele of
the branched-chain amino acid/aromatic amino acid
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ratio-associated variant rs1440581 might benefit less in
weight loss than those without this allele when undertak-
ing an energy-restricted high-fat diet [23]. For FTO var-
iant rs1558902, a high-protein diet was found to facilitate
weight loss and improvement of body composition in
individuals with the risk allele of the FTO variant
rs1558902, but not in other genotypes [24]. Several other
intervention studies also demonstrated gene-diet interac-
tion on obesity (Table1). For example, Alsaleh et al
found that higher consumption of n-3 polyunsaturated
fatty acids modified the effects of ADIPOQ rs2241766 on
risk of obesity [25]. Improvement in metabolic markers
secondary to weight loss was greater in FTO rs9939609 A
allele carriers with a low-fat hypocaloric diet [26]. The
FAAH rs324420 AA/AC was not associated with weight
loss in a 1-year lifestyle intervention for obese children
and adolescents [27]. These results need to be validated
in further studies.
b) Evolving Approaches to GEI: GWEI
The GWAS approach has made impressive progress in
identifying common obesity genetic variants. However,
GWAS analysis of main effects only might miss impor-
tant genetic variants restricted to exposure subgroups of
the population. Several approaches to assessing genome-
wide environment interaction (GWEI) have been devel-
oped recently. These approaches also have the potential
to identify novel SNPs that are not detected in genome
wide scan. However, no study has reported the GWEI
for obesity. In this section, we summarized the newly
developed methods for GWEI that has the potential to
detect GEI on obesity (Table 2):
1) 2-step analysis
The 2-step approach incorporates a preliminary screening
step to efficiently use all available information in the data
[28]. In the first step (screening test), for each of the SNPs,
a likelihood ratio test of association between genetic var-
iant and environment was performed using a logistic
model. The second step uses an unbiased traditional GEI
test of the SNPs that passed the screening step to ensure
an overall valid procedure. It was demonstrated that two-
step approach reduced the number of SNPs tested for
interactions and substantially improved the power of
GWEI. Recently, an improved two-step screening and test-
ing method (the screening step included exposure-geno-
type and disease-genotype information; EDG×E) was
proposed. A software program which implements this new
method and other GWEI approaches is now available
(G×E scan, http://biostats.usc.edu/software) [29].
2) Gene- or pathway-based approaches
Both gene-and pathway-based analytic approaches have
been used to integrate prior biological knowledge into asso-
ciation and interaction analyses [30], by combining associa-
tions of genetic variants in the same gene or biological
Table 1 Summary of selected intervention and cohort studies on gene-diet interactions during the past two years
Author Study design Genetic
markers
Main findings













Dietary fat intake modified effect of TCF7L2 genotype on changes in BMI, total fat mass, and
trunk fat mass






Dietary carbohydrate modified GIPR genotype effects on changes in body weight





















The FAAH rs324420 AA/AC is not associated with weight loss in a 1-year lifestyle intervention
for obese children and adolescents






Metabolic improvement secondary to weight loss was better in A carriers with a low fat
hypocaloric diet






Visfatin rs4730153 homozygous GG Genotype may affect glucose and lipid metabolism in
obese children and adolescents by reducing total triglyceride level and increasing insulin
sensitivity to exercise




BMI-GRS The genetic association with adiposity was stronger among participants with higher intake of
sugar-sweetened beverages than among those with lower intake.
Qi et al 2012
[21]
Cohorts (NHS, HPFS) BMI-GRS Sedentary lifestyle may accentuate the predisposition to elevated adiposity, whereas greater
leisure time physical activity may attenuate the genetic association.




BMI-GRS Participants in the highest risk groups for both fried food and GRS had the highest BMI overall.
Eating fried food more than four times a week had twice the effect on BMI for those in the
highest third of GRS than those in the lowest third.
GRS: genetic risk score, NHS: the Nurses’ Health Study, HPFS: the Health Professionals Follow-up Study, WGHS, the Women’s Genome Health Study.
The GRS was calculated on the basis of 32 established BMI-associated variants.
Huang and Hu BMC Medical Genomics 2015, 8(Suppl 1):S2
http://www.biomedcentral.com/1755-8794/8/S1/S2
Page 3 of 6
pathway. Therefore, it could enhance statistical power and
also provide insights into biological mechanisms. Several
recent studies have shown that gene-based and pathway-
based approaches to GEI in the context of GWAS could
facilitate the mining of functional information that is com-
plementary to traditional agnostic GWAS analysis [31].
Wei et al. conducted a GWEI to identify gene-asbestos
interaction in lung cancer risk at levels of SNPs, genes, and
pathways, using Texas lung cancer GWAS dataset, and
found that pathway-based analyses had more power than
SNP- or gene-based analyses [32].
3) A module-based cocktail approach
Hsu et al. proposed a module-based approach to inte-
grating various methods (such as the correlation screen-
ing and marginal association screening) that exploits
each method’s most appealing aspects [33]. Three mod-
ules were included in this approach: 1) a screening mod-
ule for prioritizing SNP; 2) a multiple comparison
module for testing GEI; and 3) a GEI testing module.
They combined all three of these modules and devel-
oped two novel “cocktail” methods. It was demonstrated
that the proposed cocktail methods did not inflate the
type I error and had enhanced power under a wide
range of situations [33]. This modular approach is com-
putationally straightforward.
4) A joint test of marginal associations and GEI
Kraftet al. proposed a joint test of marginal association
and GEI [34], using a likelihood ratio test. The joint test
was found to have greater power than the marginal test
when the genetic association was confined to an exposure
subgroup or the GEI test when the genetic association
was detected in both exposed and non-exposed groups
[34]. Several studies have demonstrated enhanced power
for large-scale association studies where the true underly-
ing GEI model is unknown [35,36].
5) Variance prioritization approach
Pare et al. proposed a novel approach to prioritize SNPs
for testing the gene-gene and gene-environment interac-
tions for quantitative traits [37]. In this approach, the
variance of a quantitative trait by genotypes in the pre-
sence of an interaction effect was calculated, and then
Levene’s test was used to test if subgroup samples have
equal variances. Pare et al. further applied the variance
prioritization approach in the Women’s Genome Health
Study and identified several novel interactions, including
the interactions between the LEPR rs12753193 and BMI
on C-reactive protein levels, between the ICAM1
rs1799969 and smoking on intercellular adhesion mole-
cule 1 (ICAM-1 ) levels [37]. Given the limited number
of SNPs that are eventually tested for interactions, this
approach has enhanced power over traditional methods.
6) A set-based gene environment interaction test (SBERIA)
Jiao et al. proposed a set-based gene environment inter-
action test (SBERIA) to explore the GEI using case-con-
trol data [38]. SBERIA first selects markers with relatively
strong correlation signals, and then a weighted sum of
the selected marker interaction terms is computed,
where the weight corresponds to the magnitude and
direction of the correlations among the markers. SBERIA
was applied to GWAS data of 10,729 colorectal cancer
cases and 13,328 controls and the study identified several
significant interactions of known susceptibility loci with
smoking on colorectal cancer [38]. One advantage of
SBERIA is that could increase the statistical power by
aggregating correlated SNPs within a marker set and thus
reduce the multiple testing problems.
Continued challenges
Despite some progress in characterizing GEI underlying
obesity, many challenges remain. First, many inconsisten-
cies and significant findings need replication or more
detailed follow-up. Publication bias may have contributed
to the absence of replication reports. Therefore, it is criti-
cal for researchers to conduct replication studies and to
publish both positive and negative results [39]. Second,
inadequate statistical power due to modest sample sizes
and measurement errors for environmental factors con-
tinue to be major factors limiting progress in the field
[39]. Environmental exposures such as diet and exercise
are often difficult to measure in free-living populations.
Simulation studies have demonstrated that in GEI studies,
even a modest amount of measurement errors in assessing
environmental exposure can result in a substantial reduc-
tion in statistical power to detect an interaction [40].
Table 2 Examples of newly developed genome-level approaches to GWEI.
Author Year Methods
Kraft et al 2007 Joint test of marginal effects of SNPs and G x E [34].
Murcray et al. 2009 Two-step analysis of GWAS data [28]
Paré et al 2010 Variance prioritization approach[37]
Wei et al. 2012 SNP, gene, and pathway based GWAS analysis[30]
Hsu et al. 2012 Cocktail methods [33]
Gauderman et al. 2013 Revised two-step screening and testing method (EDG×E) [29].
Jiao et al. 2013 SBERIA: Set-Based Gene-Environment Interaction Test [38].
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Future perspective of GEI on obesity
There has been considerable progress in our understand-
ing of the role of both genetic and environment factors in
the development of obesity. Findings to date indicate that
behavioral changes such as improving diet and physical
activity can substantially offset obesogenic effects of risk
alleles, which has much broader clinical and public health
implications. In the near future, individuals may be able to
obtain their comprehensive genetic information and thus
a knowledge of their genetic predisposition to obesity and
other chronic diseases. Nutritional genetics studies have
made slow but steady progress in examining gene and
dietary intervention interactions for weight loss and main-
tenance [8,23,24,41], but there are still many challenges.
Continued progress will depend on appropriate study
design; more accurately measured environmental factors,
and very large sample size. Further investment in studies
of GEI for obesity holds promise on several grounds [39].
First, GEI studies may help us better understand disease
mechanisms by providing biological insight into the func-
tion of novel obesity loci and pathways and interplays
between the genes and environment. Second, GEI investi-
gation may identify high-risk individuals for more efficient
and targeted diet and/or lifestyle interventions. Finally, the
integrating of genomics with other “omics” such as tran-
scriptomics, proteomics, and metabolomics can provide
greater insights into how diet and lifestyle alter the expres-
sion or ‘manifestation’ of our genomes and the interplays
between genes and environments on obesity development
and progression. This approach, termed “systems epide-
miology” [39], has tremendous potential to advance our
understanding of obesity etiology and to help achieve the
goal of personalized nutrition for obesity prevention and
management.
Funding source
This article was funded by the National Institutes of
Health (NIH) grant DK58845.
Abbreviations
BMI: body mass index; GEI: gene-environment interaction; GWAS: genome
wide association study; GWEI: genome-wide environment interaction; SNP:
single-nucleotide polymorphism; GRS: genetic risk score
Competing interests
The authors declare that they have no competing interests.
Authors’ contributions
FH conceived the idea for the review. TH drafted the manuscript. Both
authors read and approved the final manuscript.
Acknowledgements
We thank Dr. Marilyn Cornelis for thoughtful comments.
Declarations
This article has been published as part of BMC Medical Genomics Volume 8
Supplement 1, 2015: Selected articles from the 2nd International Genomic
Medical Conference (IGMC 2013): Medical Genomics. The full contents of the
supplement are available online at http://www.biomedcentral.com/
bmcmedgenomics/supplements/8/S1
Authors’ details
1Department of Nutrition, Harvard School of Public Health, Boston, MA
02115, USA. 2Department of Epidemiology, Harvard School of Public Health,
Boston, MA 02115, USA. 3Channing Division of Network Medicine,
Department of Medicine, Brigham and Women’s Hospital and Harvard
Medical School, Boston, MA 02115, USA.
Published: 15 January 2015
References
1. Mirzaei K, Xu M, Qi Q, de Jonge L, Bray GA, Sacks F, Qi L: Variants in
glucose- and circadian rhythm-related genes affect the response of
energy expenditure to weight-loss diets: the POUNDS LOST Trial. The
American journal of clinical nutrition 2013.
2. Walls HL, Backholer K, Proietto J, McNeil JJ: Obesity and trends in life
expectancy. Journal of obesity 2012, 2012:107989.
3. Withrow D, Alter DA: The economic burden of obesity worldwide: a
systematic review of the direct costs of obesity. Obesity reviews : an
official journal of the International Association for the Study of Obesity 2011,
12(2):131-141.
4. Qi L, Cho YA: Gene-environment interaction and obesity. Nutrition reviews
2008, 66(12):684-694.
5. Hu FB: Obesity epidemiology. Oxford New York: Oxford University Press;
2008.
6. Qi Q, Chu AY, Kang JH, Huang J, Rose LM, Jensen MK, Liang L, Curhan GC,
Pasquale LR, Wiggs JL, et al: Fried food consumption, genetic risk, and
body mass index: gene-diet interaction analysis in three US cohort
studies. BMJ 2014, 348:g1610.
7. Ahmad S, Rukh G, Varga TV, Ali A, Kurbasic A, Shungin D, Ericson U,
Koivula RW, Chu AY, Rose LM, et al: Gene x physical activity interactions
in obesity: combined analysis of 111,421 individuals of European
ancestry. PLoS genetics 2013, 9(7):e1003607.
8. Qi Q, Chu AY, Kang JH, Jensen MK, Curhan GC, Pasquale LR, Ridker PM,
Hunter DJ, Willett WC, Rimm EB, et al: Sugar-sweetened beverages and
genetic risk of obesity. The New England journal of medicine 2012,
367(15):1387-1396.
9. Cormier H, Rudkowska I, Paradis AM, Thifault E, Garneau V, Lemieux S,
Couture P, Vohl MC: Association between polymorphisms in the fatty
acid desaturase gene cluster and the plasma triacylglycerol response to
an n-3 PUFA supplementation. Nutrients 2012, 4(8):1026-1041.
10. Afman LA, Muller M: Human nutrigenomics of gene regulation by dietary
fatty acids. Progress in lipid research 2012, 51(1):63-70.
11. Mutch DM, Wahli W, Williamson G: Nutrigenomics and nutrigenetics: the
emerging faces of nutrition. FASEB journal : official publication of the
Federation of American Societies for Experimental Biology 2005,
19(12):1602-1616.
12. Thomas D: Gene–environment-wide association studies: emerging
approaches. Nature reviews Genetics 2010, 11(4):259-272.
13. Ahmad S, Varga TV, Franks PW: Gene x environment interactions in
obesity: the state of the evidence. Human heredity 2013, 75(2-4):106-115.
14. Franks PW, Nettleton JA: Invited commentary: Gene X lifestyle
interactions and complex disease traits–inferring cause and effect from
observational data, sine qua non. American journal of epidemiology 2010,
172(9):992-997, discussion 998-999.
15. Manolio TA, Bailey-Wilson JE, Collins FS: Genes, environment and the
value of prospective cohort studies. Nature reviews Genetics 2006,
7(10):812-820.
16. Martinez JA, Corbalan MS, Sanchez-Villegas A, Forga L, Marti A, Martinez-
Gonzalez MA: Obesity risk is associated with carbohydrate intake in
women carrying the Gln27Glu beta2-adrenoceptor polymorphism. The
Journal of nutrition 2003, 133(8):2549-2554.
17. Moleres A, Ochoa MC, Rendo-Urteaga T, Martinez-Gonzalez MA, Azcona San
Julian MC, Martinez JA, Marti A: Dietary fatty acid distribution modifies
obesity risk linked to the rs9939609 polymorphism of the fat mass and
obesity-associated gene in a Spanish case-control study of children. The
British journal of nutrition 2012, 107(4):533-538.
Huang and Hu BMC Medical Genomics 2015, 8(Suppl 1):S2
http://www.biomedcentral.com/1755-8794/8/S1/S2
Page 5 of 6
18. Gatto NM, Campbell UB, Rundle AG, Ahsan H: Further development of the
case-only design for assessing gene-environment interaction: evaluation
of and adjustment for bias. International journal of epidemiology 2004,
33(5):1014-1024.
19. Santos JL, Boutin P, Verdich C, Holst C, Larsen LH, Toubro S, Dina C,
Saris WH, Blaak EE, Hoffstedt J, et al: Genotype-by-nutrient interactions
assessed in European obese women. A case-only study. European journal
of nutrition 2006, 45(8):454-462.
20. Faria Alves M, Ferreira AM, Cardoso G, Saraiva Lopes R, Correia Mda G,
Machado Gil V: [Pre- and post-test probability of obstructive coronary
artery disease in two diagnostic strategies: relative contributions of
exercise ECG and coronary CT angiography]. Revista portuguesa de
cardiologia : orgao oficial da Sociedade Portuguesa de Cardiologia =
Portuguese journal of cardiology : an official journal of the Portuguese Society
of Cardiology 2013, 32(3):211-218.
21. Qi Q, Li Y, Chomistek AK, Kang JH, Curhan GC, Pasquale LR, Willett WC,
Rimm EB, Hu FB, Qi L: Television watching, leisure time physical activity,
and the genetic predisposition in relation to body mass index in
women and men. Circulation 2012, 126(15):1821-1827.
22. Sacks FM, Bray GA, Carey VJ, Smith SR, Ryan DH, Anton SD, McManus K,
Champagne CM, Bishop LM, Laranjo N, et al: Comparison of Weight-Loss
Diets with Different Compositions of Fat, Protein, and Carbohydrates.
New England Journal of Medicine 2009, 360(9):859-873.
23. Xu M, Qi Q, Liang J, Bray GA, Hu FB, Sacks FM, Qi L: Genetic determinant
for amino acid metabolites and changes in body weight and insulin
resistance in response to weight-loss diets: the Preventing Overweight
Using Novel Dietary Strategies (POUNDS LOST) trial. Circulation 2013,
127(12):1283-1289.
24. Zhang X, Qi Q, Zhang C, Smith SR, Hu FB, Sacks FM, Bray GA, Qi L: FTO
genotype and 2-year change in body composition and fat distribution
in response to weight-loss diets: the POUNDS LOST Trial. Diabetes 2012,
61(11):3005-3011.
25. Alsaleh A, Crepostnaia D, Maniou Z, Lewis FJ, Hall WL, Sanders TA,
O’Dell SD: Adiponectin gene variant interacts with fish oil
supplementation to influence serum adiponectin in older individuals.
The Journal of nutrition 2013, 143(7):1021-1027.
26. de Luis DA, Aller R, Izaola O, de la Fuente B, Conde R, Sagrado MG,
Primo D: Evaluation of weight loss and adipocytokines levels after two
hypocaloric diets with different macronutrient distribution in obese
subjects with rs9939609 gene variant. Diabetes/metabolism research and
reviews 2012, 28(8):663-668.
27. Knoll N, Volckmar AL, Putter C, Scherag A, Kleber M, Hebebrand J,
Hinney A, Reinehr T: The fatty acid amide hydrolase (FAAH) gene variant
rs324420 AA/AC is not associated with weight loss in a 1-year lifestyle
intervention for obese children and adolescents. Hormone and metabolic
research = Hormon- und Stoffwechselforschung = Hormones et metabolisme
2012, 44(1):75-77.
28. Murcray CE, Lewinger JP, Gauderman WJ: Gene-environment interaction
in genome-wide association studies. American journal of epidemiology
2009, 169(2):219-226.
29. Gauderman WJ, Zhang P, Morrison JL, Lewinger JP: Finding novel genes
by testing G x E interactions in a genome-wide association study.
Genetic epidemiology 2013, 37(6):603-613.
30. Peng G, Luo L, Siu H, Zhu Y, Hu P, Hong S, Zhao J, Zhou X, Reveille JD,
Jin L, et al: Gene and pathway-based second-wave analysis of genome-
wide association studies. European journal of human genetics : EJHG 2010,
18(1):111-117.
31. Luo L, Peng G, Zhu Y, Dong H, Amos CI, Xiong M: Genome-wide gene
and pathway analysis. European journal of human genetics : EJHG 2010,
18(9):1045-1053.
32. Wei S, Wang LE, McHugh MK, Han Y, Xiong M, Amos CI, Spitz MR, Wei QW:
Genome-wide gene-environment interaction analysis for asbestos
exposure in lung cancer susceptibility. Carcinogenesis 2012,
33(8):1531-1537.
33. Hsu L, Jiao S, Dai JY, Hutter C, Peters U, Kooperberg C: Powerful cocktail
methods for detecting genome-wide gene-environment interaction.
Genetic epidemiology 2012, 36(3):183-194.
34. Perez-Martinez P, Delgado-Lista J, Garcia-Rios A, Mc Monagle J, Gulseth HL,
Ordovas JM, Shaw DI, Karlstrom B, Kiec-Wilk B, Blaak EE, et al: Glucokinase
regulatory protein genetic variant interacts with omega-3 PUFA to
influence insulin resistance and inflammation in metabolic syndrome.
PloS one 2011, 6(6):e20555.
35. Nettleton JA, McKeown NM, Kanoni S, Lemaitre RN, Hivert MF, Ngwa J, van
Rooij FJ, Sonestedt E, Wojczynski MK, Ye Z, et al: Interactions of dietary
whole-grain intake with fasting glucose- and insulin-related genetic loci
in individuals of European descent: a meta-analysis of 14 cohort studies.
Diabetes care 2010, 33(12):2684-2691.
36. Manning AK, LaValley M, Liu CT, Rice K, An P, Liu Y, Miljkovic I, Rasmussen-
Torvik L, Harris TB, Province MA, et al: Meta-analysis of gene-environment
interaction: joint estimation of SNP and SNP x environment regression
coefficients. Genetic epidemiology 2011, 35(1):11-18.
37. Pare G, Cook NR, Ridker PM, Chasman DI: On the use of variance per
genotype as a tool to identify quantitative trait interaction effects: a
report from the Women’s Genome Health Study. PLoS genetics 2010, 6(6):
e1000981.
38. Jiao S, Hsu L, Bezieau S, Brenner H, Chan AT, Chang-Claude J, Le
Marchand L, Lemire M, Newcomb PA, Slattery ML, et al: SBERIA: set-based
gene-environment interaction test for rare and common variants in
complex diseases. Genetic epidemiology 2013, 37(5):452-464.
39. Cornelis MC, Hu FB: Gene-environment interactions in the development
of type 2 diabetes: recent progress and continuing challenges. Annual
review of nutrition 2012, 32:245-259.
40. Moffitt TE, Caspi A, Rutter M: Strategy for investigating interactions
between measured genes and measured environments. Archives of
general psychiatry 2005, 62(5):473-481.
41. Sacks FM, Bray GA, Carey VJ, Smith SR, Ryan DH, Anton SD, McManus K,
Champagne CM, Bishop LM, Laranjo N, et al: Comparison of weight-loss
diets with different compositions of fat, protein, and carbohydrates. The
New England journal of medicine 2009, 360(9):859-873.
42. Qi Q, Xu M, Wu H, Liang L, Champagne CM, Bray GA, Sacks FM, Qi L: IRS1
Genotype Modulates Metabolic Syndrome Reversion in Response to 2-
Year Weight-Loss Diet Intervention: The POUNDS LOST trial. Diabetes
care 2013, 36(11):3442-3447.
43. Mattei J, Qi Q, Hu FB, Sacks FM, Qi L: TCF7L2 genetic variants modulate
the effect of dietary fat intake on changes in body composition during
a weight-loss intervention. The American journal of clinical nutrition
96(5):1129-1136.
44. Qi Q, Bray GA, Hu FB, Sacks FM, Qi L: Weight-loss diets modify glucose-
dependent insulinotropic polypeptide receptor rs2287019 genotype
effects on changes in body weight, fasting glucose, and insulin
resistance: the Preventing Overweight Using Novel Dietary Strategies
trial. The American journal of clinical nutrition 2012, 95(2):506-513.
45. Lai A, Chen W, Helm K: Effects of visfatin gene polymorphism RS4730153
on exercise-induced weight loss of obese children and adolescents of
Han Chinese. International journal of biological sciences 2013, 9(1):16-21.
doi:10.1186/1755-8794-8-S1-S2
Cite this article as: Huang and Hu: Gene-environment interactions and
obesity: recent developments and future directions. BMC Medical
Genomics 2015 8(Suppl 1):S2.
Submit your next manuscript to BioMed Central
and take full advantage of: 
• Convenient online submission
• Thorough peer review
• No space constraints or color figure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at 
www.biomedcentral.com/submit
Huang and Hu BMC Medical Genomics 2015, 8(Suppl 1):S2
http://www.biomedcentral.com/1755-8794/8/S1/S2
Page 6 of 6
